Detailed and timely information on crop area, production and yield is important for the assessment of environmental impacts of agriculture, for the monitoring of the land use and management practices, and for food security early warning systems. A machine learning approach is proposed to model crop rotations which can predict with good accuracy, at the beginning of the agricultural season, the crops most likely to be present in a given field using the crop sequence of the previous 3 to 5 years. The approach is able to learn from data and to integrate expert knowledge represented as first-order logic rules. Its accuracy is assessed using the French Land Parcel Information System implemented in the frame of the EU's Common Agricultural Policy. This assessment is done using different settings in terms of temporal depth and spatial generalization coverage. The obtained results show that the proposed approach is able to predict the crop type of each field, before the beginning of the crop season, with an accuracy as high as 60%, which is better than the results obtained with current approaches based on remote sensing imagery.
Introduction
Detailed and timely information on crop area, production and yield is im- to the maximum can be obtained before 200 days into the year. However, no 42 information is available before the first image is acquired at the end of January.
43
For many crop systems, the beginning of the season coincides with the end of
44
Autumn or the beginning of Winter. In this period, satellite images are very 45 likely to be cloudy and therefore of little use for crop mapping. Furthermore,
46
the accuracy of the land cover classification obtained with only one image is below 40%, which is not enough for most applications.
48
The goal of this paper is to introduce an approach which is able to produce 
54
Crop rotations -specific sequences of crops in successive years -improve or 55 maintain crop yield while reducing input demands for fertilizers and pesticides, 56 and therefore they are widely used by farmers. This regularity on the agricul-57 tural practices allows predicting with some accuracy the type of crop present in 58 a given field at one point in time if the previous crop sequence is known.
59
Many crop rotation models exist, ranging from purely agronomic (crop-soil 60 simulation models (Wechsung et al., 2000) ), to approaches integrating expert 61 knowledge and field data (Dogliotti et al., 2003) . The complexity of these models 62 makes them difficult to adapt to variable situations and evolving conditions.
63
Crop rotations may evolve in time, either slowly due to for instance climate 64 change impact in rain-fed crops, or very quickly due to environmental regulations 65 dealing with the use of pesticides or water management. Economic factors, as 66 for instance seed prices, can also introduce drastic changes. Hence, crop rotation 67 models which can be easily updated and which can exploit the history of the 68 different territories are needed.
69
Yearly cropland mapping can be obtained either using farmers administra-70 tive declarations or maps produced using remote sensing data at the end of the 71 season (like the one of figure 1). Therefore, the history of the fields can be 72 known. transition probabilities set by experts, but their values are limited to 0 and 1.
137
The specialization of the models to particular sites needs adequate tools.
138
For example Detlefsen et al. (Detlefsen and Jensen, 2007) propose the use of 139 network modeling to find an optimal crop rotation for a given selection of crops 140 on a given piece of land. This model can give advice about the appropriate 141 crop to be grown on a field, but it needs information about the farm (surface,
142
number of fields) and about the costs of farming operations (ploughing, etc.).
143
This kind of information may not be available when mapping very large areas.
144
Farm management models often produce average crop shares over a num- 
198
As our goal is to map the croplands, we need not only to model the transi-
199
tions of crops, but also to take into account the geospatial information available.
200
Usually, the data available for integration in models comes from census and it. This allows to efficiently learn the probability of any particular sequence of
249
states by computing only the probability of transition between individual states.
250
As a matter of fact, most of the approaches similar to those presented in section 251 2.1.2 use these approaches.
252
One of the most frequently used Markovian models are Bayesian Networks • the geographical outline of the parcel and an identifier;
336
• the district where the parcel is located;
337
• the type of the crop grown a particular year using a 28 class nomenclature;
338
• the administrative type of the exploitation;
339
• the age class of the owner for individual owners.
340
One particularity of the RPG is that the parcels may correspond either to 341 individual fields or to groups of small fields. These groups may be composed by 342 fields where different crops are present. In these cases, the spatial distribution 343 is not given and only the proportion of each crop surface is known. We used 3 areas of study which are depicted on figure 4: 
We studied the influence of the length of the considered rotations as well

375
as the extent of the area over which the modeling was performed.
376
To assess the influence of the rotation length, we analyzed 3 different cases: 
Evaluation
382
To evaluate the quality of the crop prediction, classical tools from the ma-383 chine learning field were used: the confusion matrix and the Kappa coefficient. 
n ii is the agreement and
κ is a real number between -1 and 1 and can be interpreted as follows: the large regions respectively.
427
The first observation we can make is that most of the κ values were in the 428 high fifties, which is a moderate to good prediction of the crops. It is not 429 surprising to note that the predictions for the small area were the best and 430 those for the large area were the worse, since the eco-pedo-climatic conditions 431 which govern agricultural practices are more homogeneous in the small area.
432
However, the results of the medium area were very close to those of the small 433 area.
434
In terms of rotation length, we can observe that 4 and 5 years were equivalent 435 for the small and medium regions and that 6 years was worse than 5 which could In the following paragraphs, the details of the confusion matrices are ana-
445
lyzed to gain some insight on the behavior of the model. 
452
The confusion matrices for the small, the medium and the large areas are 453 presented on tables 6, 7 and 8 respectively.
454
The first thing we can highlight is that there were no major differences 455 between the small and the medium regions as it was already noted in the overall 456 κ coefficient tables above. The confusion matrices allowed us to check that this We limited the study to the medium area and we analyzed the influence of 
480
The trends that we observe are the following:
481
• the longest sequences were the most difficult to predict, which is not sur-
482
prising, since the number of possible combinations is higher and therefore 483 the probability of each one is lower;
484
• the prediction of corn was good and stable for the different rotation 485 lengths, since most of the corn in the area is grown as mono-culture;
486
• the prediction of wheat was good but decreased with the length of the • rapeseed and sunflower were often confused and their respective prediction Unfortunately, this kind of behavior was not present in our data set, and 510 therefore, we chose to simulate it. The following experiment was carried out.
511
We assumed that for an arbitrary reason, one type of rotation which had been 512 frequent in the past became nearly non existent from a given point in time. We 513 introduced this expected behavior by strongly modifying the weight of the rule 514 related to this particular rotation. We then analyzed how the probability of the 515 crops to be predicted spread among the possible types of crops.
516
Of course, this kind of event is extreme and not likely to occur as such, but 517 it allowed illustrating the flexibility of the proposed approach. we used the modified weight.
526 Table 12 shows the predicted probability for class d on year n for the rules where {corn, corn, corn, corn} was nearly non existent, corn was predicted with 531 a probability which was practically zero, while the other classes were predicted 532 with similar probability, but those which previously had higher probabilities
533
(wheat and sunflower) still had higher chances than rapeseed and barley.
534
It is worth noting that no re-learning from the data had to be done, so this 535 kind of changes can be introduced in the model at no cost. 
544
Finally, a family of rules containing 2 consecutive years of corn was not modified 545 either.
546
In the case of a BN, this modification would have required to modify the 547 training data and learn the transition probabilities again, since it is impossible 548 to modify the probability of a particular sequence of events without modifying 549 all the rest.
550
The point here is not that the probabilities of the other crops did not change.
551
In a realistic setting, the relative proportion of other crops may evolve due to The first author acknowledges the funding by CNES, the French Space Inglada, J., J. Dejoux, O. Hagolle, and G. Dedieu
